In our study, we investigated concentration change of oxy-hemoglobin (HbO) and deoxy-hemoglobin (Hb) during mental arithmetic task and rest. We choosed 6 to 15s after stimulus onset as the task time, the trial last 5s and 5s before
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Abstract-Functional near infrared spectroscopy (fNIRS) is a non-invasive technology that can be applied in brain-computer interface (BCI). fNIRS uses light in the range of near infrared to measure activity of the cerebral cortex. Prefrontal cortex is activated when performing mental arithmetic tasks. We captured frontal hemodynamic responses during mental arithmetic task from two subjects. Two different brain activities, rest and active, are recognized using Support Vector Machine (SVM). Task onset delay can be reduced by selecting appropriate feature set. I . INTRODUCTION A Brain computer interface (BCI) technologies provide an alternative communication pattern for severely motor disabled persons [l-3] . With BCIs, persons can interact with the outside environment through the measurement of neural activity associated with brain processes [4] [5] [6] . BCIs can also be used in fields such as military, entertainment, as well as rehabilitation^ , 8] .
Different modalities have been studied for measuring neural activity in BCIs, including electroencephalography (EEG), functional near infrared spectroscopy (fNIRS) and functional magnetic resonance imaging (fMRI) [7] .
EEG is the most widely BCI modality, it is direct, low cost, and technically less demanding [9] . However, EEG has many disadvantages: long-time preparation such as injection of conductive gel, fixation of electrodes, and it has a poor spatial resolution [10, 11] . Although fMRI has a high spatial resolution, however, it is expensive and technically next trial stimulus onset as the rest time. We constructed feature set using different hemodynamic concentration change and time window length. Concentration change included only Hb, only HbO, both Hb and HbO. Time window length ranged from 1 to 9s. We distinguished two brain activities, rest (brain state with no task) and active (brain state during mental arithmetic task), using Support Vector Machine (SVM).
Finally using our feature set and classifier we recognized total time points of the trial, and found the increment of time window length can improve classification accuracy and reduce time delay of hemodynamic response, i.e. recognized task onset time more early.
II. MATERIALS AND METHODS

A. Experimental paradigm
In this experiment, two volunteers participated in arithmetic task. Participants were instructed to perform cue-guided three-digit number addition (e.g., 256 + 489). Each subject performed 3 sessions (30 trials per session). A single trial comprised of a preparation block, arithmetic task block, and rest block. The schematic diagram of the procedure is shown in Fig. 1 . Before stimulus onset, subjects prepared for 5s. It was followed by a beep cue indicating subjects to perform arithmetic task, which lasted for 10s. The type of arithmetic task was random three-digit number addition. It was presented with text in the computer screen. After arithmetic task, subjects had 15s for rest. During the entire session, subjects stayed at a silent ambient to avoid being interrupted and weak light to reduce light interference. Subjects also kept the body no moving and attention focused to the greatest extent.
B. Data Acquisition
fNIRS uses light in the range of near infrared to measure activity of the cerebral cortex. Two different wavelengths light, 695nm and 830nm, with frequency 1000Hz and 2000Hz, were emitted by optical fiber from two lasers. Light passed through skin, bone and other tissue, scattered light from brain tissues were received by optical fiber bundle. The emitter and detector optodes were fixed on the scalp with a distance of 3 cm. Avalanche Photo Diode (APD) converted the light intensity to electrical signal. And lock-in amplifiers recovered the useful signals buried in the noise. NIRS data were acquired with NI data acquisition card, with sample frequency 100Hz. The schematic block of data acquisition system is shown in Fig. 2 . 
C. Signal Analysis
During mental arithmetic task, localized vascular response caused oxygen-rich blood to flow in the active area. This led to an increase of oxy-hemoglobin (HbO) concentration and a decrease of deoxy-hemoglobin (Hb) concentration. The signal from lock-in amplifier contained pulse artifact, mayer wave, etc. We used butterworth low-pass filter of order 5 with a cut-frequency 0.5Hz to remove pulse artifact. The 5s before task onset are considered as baseline time. Baseline drift was removed by substracting average value of baseline time data.
According to the modified Beer-Lambert Law [24] , which is shown in (1), we can calculate the concentration change of HbO and Hb. The average concentration change of Hb and HbO are shown in Fig. 3 . And then we downsample the NIRS data to 1 Hz in order to reduce the feature dimensions. 
AC = Ar
where Ac m and Ac Hb0 are relative concentration change of hemoglobin, E is extinction coefficient, λ^, λ^ are two light wavelength. / is light intensity, DPF is the differential path factor, d is the distance between detector and emitter. 
A. Classification
Classification was performed on the concentration change of Hb and HbO below. Two brain activities, rest and active were recognized using support vector machine.
We can use support vector machine (SVM) when our data has two separate classes. The basic SVM contains a set of the input data and predicts, for input data, which has two categories, forms the output, making it a binary classifier. The SVM classifies data by searching the best hyperplane, which can separate data points of one class from the other class [24, 25] . The best hyperplane for SVM represents the one with the largest margin from the two categories. In addition to linear classification, SVM can perform non-linear classification by using kernel trick, mapping features into a high dimensional space.
The training data are a set of points X, with their categories y. For the classification of the NIRS data, vector X represent the concentration change values of Hb and HbO, and y represent brain activities (rest or active). For rest state, we define y=-l, and then active state y=\. The goal of SVM is to find the hyperplane that can separate two different classes. The hyperplane can be obtained by the (2):
where W is the decision boundary, N is the data points. The 
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The optimization problem becomes:
where the slack variable ζ ί measures the degree of misclassification. Penalty factor C determines the degree of attention to the loss caused by the leaving group points. For the non-linear classification, features are mapped into a high dimensional space using kernel functions. For dual problem, the formulation is expressed in (5):
Subject to !>,.>>.= 0, 0<a,<C
where k(X t ,X } ) is kernel function, OL is the Lagrangian multipliers. Common kernel functions include Polynomial, Gaussian radial basis and Sigmoid function. We used LibSVM package [26] to implement the SVM classifier. In our study, we use linear classifier, parameter C is 512 which has a stable classification result. 
III. RESULTS
In our experiment, every participant performed 3 sessions, each including 30 trials, time of per trial is 30s. We choosed 6 to 15s after stimulus onset as the task time, the trial last 5s and 5s before next trial stimulus onset as the rest time. We investigated different hemodynamic concentration change and different time window length as feature set. Concentration change included only Hb, only HbO, and both Hb and HbO values. Time window length ranges from 1 to 9s, time step is Is. The dimension of feature set is dependent on feature combinations. The classification accuracy of different feature combinations are shown in Table I . Classification results show that both Hb and HbO as feature set has a higher accuracy than only Hb (p < 0.01, a paired t-test) or only HbO (p < 0.01). And with the time window length increment, accuracy has an improvement.
Because the hemodynamic response delays from the neural activity during mental arithmetic task, then we investigated the effect of our feature combinations on delay time. After we downsample the NIRS data to 1Hz, every session has 900 (30 trial X 30s) time points. We recognized the brain activity of the total time points. Fig. 4 shows the recognition result of a trial when time window length is 1 and 7s. Recognized task onset time delays from the actual onset time. While increasing the time window length can reduce the task onset delay time. Fig. 5 shows the classification accuracy and task onset delay with time window length increment. It indicates that with the time window length increment accuracy has an improvement and task onset delay is reduced. Both Hb and HbO as feature has a higher accuracy than only Hb or only HbO, but onset delay time doesn't have a significant difference (p > 0.05). However, they have a common trend that with the time window length increment, onset delay time is reduced, reaches a minimum and then increases. Then we compare the accuracy and onset delay when the time window length (T) is 1 and 7s. The results are shown in Fig. 6 . The accuracy and onset delay between T = 1 and T = 7 have a significant difference.
IV. DISCUSSION AND CONCLUSION
In this paper, we investigated the recognition of hemodynamic responses during mental arithmetic task using Support Vector Machine (SVM). We choosed hemoglobin concentration change values of 6 to 15s after stimulus onset as the task time. We constructed feature sets with different hemoglobin change amplitudes and time window length. We distinguished two brain activities: rest and active, during mental arithmetic task and rest. Then we recognized total time points of the trial. The results show that both Hb and HbO concentration change as feature has a higher accuracy than only Hb or only HbO. With the time window length increment, classification accuracy has an improvement and onset delay time has a reduction.
In our study, we only found that with the time window length (T) increment, the task onset time can be recognized more early. However, from Fig. 4 , we can see that the task offset time of T = 7 delays from the time of T = 1. i.e. With T increment, we can't recognize the task end time more early. Cui et al. [9] included history information into feature sets, the average reduction of onset delay is 2.4s and offset delay is 1.3s. In his experiment, he measured the hemodynamic responses of motor cortex, the task is finger tapping. However, our experiment is arithmetic task, an imagery action, the frontal hemodynamic responses are measured. Different subjects respond to the task differently. Another reason may be the number of channel, our experiment only used one channel, may be not the optimal channel. These may led that with time window length increment, the task offset time is not recognized more early.
Recognition of the task onset time is very necessary in online fNIRS-BCI system. Selecting the appropriate time window length and hemoglobin concentration value, we can get a high accuracy and recognize the task onset time more early. Next work we will use our features and classification method to research online fNIRS-BCI system. We will also set up multi-channel fNIRS system, research multi-task paradigm to add control commands, and investigate other hemodynamic features to improve classification accuracy. And we will combine EEG and fNIRS together to measure the neural activity, utilize the EEG signal better temporal resolution and fNIRS singal spatial resolution. Our goal aims at building the EEG-fNIRS online system, making it a better classification accuracy and information transfer rate.
